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Abstract 

Background: Allele‑specific methylation (ASM) occurs when DNA methylation patterns exhibit asymmetry among 
alleles. ASM occurs at imprinted loci, but its presence elsewhere across the human genome is indicative of wider 
importance in terms of gene regulation and disease risk. Here, we studied ASM by focusing on blood‑based DNA 
collected from 24 subjects comprising a 3‑generation pedigree from the Norfolk Island genetic isolate. We applied 
a genome‑wide bisulphite sequencing approach with a genotype‑independent ASM calling method to map ASM 
across the genome. Regions of ASM were then tested for enrichment at gene regulatory regions using Genomic 
Association Test (GAT) tool.

Results: In total, we identified 1.12 M CpGs of which 147,170 (13%) exhibited ASM (P ≤ 0.05). When including 
contiguous ASM signal spanning ≥ 2 CpGs, this condensed to 12,761 ASM regions (AMRs). These AMRs tagged 79% 
of known imprinting regions and most (98.1%) co‑localised with known single nucleotide variants. Notably, miRNA 
and lncRNA showed a 3.3‑ and 1.8‑fold enrichment of AMRs, respectively (P < 0.005). Also, the 5′ UTR and start codons 
each showed a 3.5‑fold enrichment of AMRs (P < 0.005). There was also enrichment of AMRs observed at subtelomeric 
regions of many chromosomes. Five out of 11 large AMRs localised to the protocadherin cluster on chromosome 5.

Conclusions: This study shows ASM extends far beyond genomic imprinting in humans and that gene regulatory 
regions are hotspots for ASM. Future studies of ASM in pedigrees should help to clarify transgenerational inheritance 
patterns in relation to genotype and disease phenotypes.
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(http://creat iveco mmons .org/licen ses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, 
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, 
and indicate if changes were made. The Creative Commons Public Domain Dedication waiver (http://creativecommons.org/
publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

Introduction
Complex human disease traits are influenced by an 
elaborate interplay of genetic and environmental fac-
tors [1]. Epigenetic regulation of genomic function pro-
vides a mechanism(s) allowing organisms to dynamically 
respond to environmental exposures [2, 3]. DNA meth-
ylation is an important epigenetic modification, which in 

mammals commonly occurs at cytosine-guanine dinu-
cleotides, (referred to as CpG sites). It is well known 
that DNA methylation can vary among alleles at a given 
locus even when the DNA sequence variant is identi-
cal—termed allele-specific methylation (ASM). ASM was 
first recognised at imprinted loci (established in germline 
cells), but its presence elsewhere across the genome is 
indicative of its potential for more widespread impor-
tance in terms of genomic function [1]. Studies have 
shown that “non-imprinted” ASM is dynamic, heritable, 
and has been associated with non-coding genomic ele-
ments and gene expression [2, 3]. This type of ASM may 
allow rapid adaptation to environmental exposures and 
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potentially play an integral role in regulatory networks 
involved in complex disease traits [4, 5].

With the advent of high-throughput next-generation 
bisulphite sequencing technologies, accurate genome-
wide mapping of ASM regions is now feasible in humans. 
The majority of ASM work to date has been performed 
on inbred mouse models and human cell lines [6, 7], 
including the recent establishment of a resource dedi-
cated to ASM in mice [3]. Notably, a study by Martos 
et al. examined genome-wide methylation patterns using 
a multigenerational mouse hybrid design to reveal a new 
paradigm of ‘switchable allele-specific DNA methyla-
tion’ [4]. Specifically, this study showed that ASM is more 
widespread than the known imprinted genes in mice and 
also can occur in both a genotype-dependent and -inde-
pendent manner to influence gene expression.

In humans, the use of isolated populations, which 
exhibit reduced genetic and environmental diversity and 
contain multigenerational pedigrees, provides a logical 
extension to inbred mouse models for mapping ASM. 
The Norfolk Island (NI) population is one such genetic 
isolate located off the east coast of Australia. The original 
NI population was founded in the late 1780s on Pitcairn 
Island by 9 Mutineers of HMS Bounty and 6 Polynesian 
wives, and in 1856, the founder descendants relocated to 
NI. These founders have given rise to a very large pedi-
gree containing ~ 6000 members and spanning 12 gen-
erations. Given its remoteness, this population has grown 
in almost complete isolation. This, along with the small 
island size and strict immigration policies, has meant that 
the genetic and environmental conditions have remained 
quite restricted. The NI isolate has been well character-
ised genetically and phenotypically as part of the Nor-
folk Island Health Study (NIHS) [8–10]. In this study, 
we applied genome-wide bisulphite sequencing to char-
acterise ASM patterns in an NI pedigree and map ASM 
regions (AMRs) to known regulatory genomic features.

Results
Characterising the CpG landscape
Genome-wide bisulphite sequence data were obtained 
from peripheral blood mononucleocytes (PBMCs) for 
24 individuals from a third-generation nuclear pedigree 
from the Norfolk Island cohort (see methods). We used 
the Roche Nimblegen SeqCapEpi CpGiant capture-
based target enrichment protocol. This is an approach 
designed to capture the DNA methylation based around 
the sites interrogated by the Illumina 450K DNA methyl-
ation array, a well-recognised platform for genome-wide 
analysis of human DNA methylation. One hundred base 
paired-end Illumina sequencing was performed. After 
quality control and alignment, there was a mean cover-
age of 100× (range 90–160) per sample (Additional file 1: 

Figure S1). Mapping performance was calculated against 
the capture design files with all samples showing > 95% 
average on-target rate. The total number of CpG sites 
per sample ranged from 2.67 M to 7.52 M with an aver-
age of 3.48 M. When considering CpG sites, which were 
both on-target and had ≥ 10 times coverage, a total of 
1,130,173 CpG sites were found to be present in all 24 
pedigree members. Of these, 1,127,867 were autosomal 
CpG sites. Variability of methylation levels at these sites 
was observed  in 168,941 (15%) CpG sites with a stand-
ard deviation > 0.1 (highly variable), using the same fil-
ter as previously described [5]. Examining the presence 
of single-nucleotide variants (SNVs) within a CpG site 
(i.e., affecting the C or G), we observed 444,330 (39.4%) 
CpG sites with an SNV present. Just over half (231,452) 
of the SNVs identified had minor allele frequency (MAF) 
information available. Of these, 12,670 variants had an 
MAF ≥ 0.05, while 26,935 showed an MAF ≥ 0.01, sug-
gesting that the majority of the genetic variation at CpG 
sites was localised to ‘rare’ or as yet unassigned variants 
(MAF < 0.01).

Allele‑specific methylation in a three‑generation pedigree
Methylation data from all subjects were analysed using 
a custom pipeline incorporating Methpipe software for 
ASM calling in a genotype-independent manner. This 
approach uses a  probabilistic model to infer ASM by 
interrogating the degree to which read-based methyla-
tion states represent patterns between pairs of  adjacent 
CpG sites [6, 7]. Adopting this approach and apply-
ing the Fisher’s Sum Z test to combine and weight indi-
vidual site-specific p values, we identified 147,170 ASM 
events corresponding to a prevalence of 33% (P < 0.05). 
Approximately, 9000 ASM events were observed in all 
24 pedigree members P < 1 × 10−40 (Fig.  1). Additional 
file 2: Figure S2 shows chromosome-specific ‘Manhattan’ 
plots of all ASM events and includes highlighting (dark 
red) of 91 known human imprinted regions, and annota-
tion (dbSNP) of all common SNVs (MAF > 0.01, presence 
indicated with black asterisk).

Identification of allele‑specific methylation regions
An allele-specific methylation region (AMR) is defined 
as a genomic interval of consecutive CpG sites showing 
consistent ASM events. Fisher’s Sum Z test combining 
ASM P values across pedigree members was calculated to 
assign ASM sharing and a sliding window algorithm used 
to define ASM regions (AMRs). This approach scans the 
genome using a sliding window of pre-determined size 
to identify AMRs (consecutive ASM sites). As previously 
discussed and inferred by Fang  et al., there is no single 
window size that will optimally identify AMRs through 
the entire genome [7]. Therefore, we adopted a similar 
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approach to that of Fang et al. to select a window size and 
used a list of known human imprinted genes to test the 
efficacy of our sliding window criteria and the assump-
tion that the greater the number of imprinted sites 
recouped the more effective the analysis. Informed by 
simulation analyses (see “Methods”), we defined AMRs 
as regions containing ≥ 2 consecutive CpG sites showing 
significant ASM (Fisher’s Sum Z P < 0.05). Using a slid-
ing window of 5 kb, we identified 12,761 total AMRs (see 
innermost ring of Fig. 2 and Additional file 3: File S1).

Figure 3  shows an example ‘Manhattan’ plot for chro-
mosome 7, with confirmed imprinted loci indicated in 
dark-red. Interestingly, Fig.  2 illustrates obvious enrich-
ment of AMRs at subtelomeric regions across the 
genome.

Parent-of-origin imprinted genes are associated with 
mono-allelic gene expression (accompanied by ASM 
of particular regions) [11]. As it is well documented 
that imprinted loci exhibit extensive ASM, we used a 
list of known human imprinted genes to validate our 
approach to AMR detection [12]. We obtained a curated 
list of human imprinted genes (http://www.genei mprin 
t.com/) and applied several filters to remove any genes 
which were either predicted or conflicted as truly 
imprinted (see methods). This resulted in a total of  91 
human imprinted genes which mapped to the genome 
(hg38) of which we  observed an overlap of 79% (72/91) 

with human imprinted genes. From this analysis, the 91 
known human imprinted genes and their genomic posi-
tion were annotated in the third ring of Fig. 2. Imprinted 
gene symbols indicated in purple represent imprinted 
genes which overlap allele-specific methylated regions 
(AMR) identified in this study.

Genomic variation and allele‑specific methylation
Extending our examination of genomic variations associ-
ated with CpG sites (above), we investigated the co-local-
isation between common SNV (MAF ≥ 0.01 dbSNP 150) 
and all significant AMRs identified. To identify robust, 
extended AMRs, we selected regions with ≥ 10 consecu-
tive ASM CpGs (2863/12,761, 22.4%). Using an interval-
based approach with a padding of 1000 bp either side of 
the AMR, we identified 73 extended AMRs (73/2863, 
2.5%) devoid of common SNVs, suggesting the presence 
of ASM events independent of genetic variation (see 
Additional file 4: File 2). In particular, we noted extended 
regions of ASM absent of common genetic variation on 
chromosome 21 (see Additional file 2: Figure S2).

Enrichment of allele‑specific methylated regions 
in potential regulatory regions
To identify ASM that overlapped gene-centric features, 
we next mapped the AMRs against annotated gene fea-
tures (GRanges in R), which showed that the AMRs 

Fig. 1 Distribution of ASM sharing among 24 members of a nuclear pedigree from the NI population

http://www.geneimprint.com/
http://www.geneimprint.com/
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collectively overlapped with 6987 genomic features. The 
most commonly overlapped genomic feature was introns 
(34.2%), with the next highest being promoters (17.9%), 

followed by exons (15.1%), 1–5 kb upstream (12.8%), and 
intron–exon boundaries (11.3%).

To further explore the potential functional impact of 
AMRs, we also investigated AMR enrichment across 

Fig. 2 Circos plot of the genome‑wide ‘landscape’ of allele‑specific methylation for key Norfolk Island individuals. Circular representation of 
the genome, all positions indicated are relative to build hg38. The grey outermost ring represents individual CpG sites identified as exhibiting 
allele‑specific methylation (ASM) using the Fisher’s Sum Z method −log10(P value). All points shown have Sum Z P values < 0.05, indicating ASM 
sharing between at least 8 individuals. The second outermost ring represents a chromosomal ideogram (annotated is the chromosomal number). 
The third ring annotates all 91 known human imprinted genes and their genomic position. Imprinted gene symbols indicated in purple represent 
imprinted genes which overlap allele‑specific methylated regions (AMR). The innermost ring represents all identified AMR and their chromosomal 
position. A visual indication of AMR size is indicated by: blue < 1 Kb; black > 1 Kb and < 10 Kb; dark red > 10 Kb in size
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annotated genomic features. For this, we used Genomic 
Association Tester (GAT) software to perform signifi-
cance testing of AMRs that overlapped functionally 
annotated regions and databases (i.e., GWAS catalog 

—https ://www.ebi.ac.uk/gwas/). Figure  4 summarises 
significant enrichment of AMRs at regulatory genomic 
features. Notably, miRNA and lncRNA showed a 3.3- and 
1.8-fold enrichment, respectively (P < 0.005), suggesting 
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Fig. 4 AMR enrichment at gene coding and non‑coding regions in the genome
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a potential importance for allele-specific regulation 
of these non-coding RNA. Also, the 5′ UTR and start 
codons each showed a 3.5-fold enrichment of AMRs 
(P < 0.005). Furthermore, there was a twofold enrichment 
of AMRs at GWAS loci reported in the GWAS catalogue 
suggesting an epigenetic contribution to complex disease 
traits (P < 0.005).

Finally, we examined large AMRs defined as contain-
ing > 200 CpGs. Of the 11 large AMRs identified, all 
mapped to coding regions of the genome. Interestingly, 5 
out of 11 large AMRs localised to the Protocadherin clus-
ter on chromosome 5, with another one localising to the 
HOXA cluster of developmental genes on chromosome 7 
(Fig. 4 and Table 1).

Discussion
Studies of DNA methylation contribute to the identifica-
tion of epigenetic factors that influence gene expression 
and susceptibility to complex disease traits. With DNA 
sequence variants unable to account for all of the herit-
ability of disease, behaviors, and other multifactorial 
phenotypes, such studies will likely uncover information 
on the heritability gap left from conventional GWASs. 
Moreover, DNA methylation offers a natural interface for 
understanding the interactive effects of environmental 
and genetic factors (“nature” vs “nurture”) in relation to 
disease onset and progression.

ASM  has typically been associated with genomic 
imprinting with studies of mouse models determining 
that ASM loci are far more widespread and exist with 
variable influence from the underlying genotype. As the 
patterns of ASM will vary significantly between species, 
studies must be performed in humans to understand 

disease and the impact of chemical and physical agents 
on their etiology [13]. Research designs that use geneti-
cally isolated human populations can be useful due to 
their restricted genetic and environmental variation and 
the presence of extended pedigrees for tracking inherit-
ance. This potentially enriches ASM signal making it eas-
ier to detect their influence with small sample sizes.

Studying genome-wide patterns of ASM in humans 
has recently become more feasible with the advent of 
NGS bisulphite sequencing technologies. Whilst whole 
genome bisulphite sequencing (WGBS) remains pro-
hibitively expensive, genome-wide bisulphite-sequenc-
ing using capture-based technology can characterise 
ASM for a substantial proportion of the methylome at 
reasonable cost. In this study, we applied this approach 
to a  third-generation nuclear pedigree from the NI 
population (n = 24) and used genotype-independent 
methods to detect specific ASM loci and ASM regions 
(AMRs). Importantly, these AMRs tagged 79% of known 
imprinting regions, indicating the reliability of the 
methods. Large AMRs (> 200 CpGs and > 10 Kb in size) 
mapped primarily to Procadherin and HOX gene clusters 
suggesting epigenetic regulation at these transcriptionally 
complex regions. Protocadherin ASM has been identified 
in bees [14] and humans [15], and mono-allelic expres-
sion has been documented across this gene cluster previ-
ously [2, 16, 17]. In addition to the large HOXA AMR that 
we detected, ASM at some HOXD cluster genes (HOXD3 
and HOXD4) has been previously reported in blood and 
different regions of the brain [18]. While a large pro-
portion of ASM appears to be conserved across tissues, 
tissue-specific ASM patterns have also been detected 
[18]. It is plausible that ASM can affect genomic control 

Table 1 Localisation of large AMRs

AMR genomic position No. CpGs AMR width (bps) Genes

chr1:2112321–2234147 217 121,827 PRKCZ;SKI;FAAP20

chr1:16624194–16728492 362 104,299 FAM231A;MIR3675;RNVU1‑18

chr5:140786373–140843584 347 57,212 PCDHA2;PCDHA3;PCDHA4;PCDHA5;PCDHA6;PCDHA7;PCDHA8;PCDHA9;PCDHA1

chr5:140848544–140927477 263 78,934 PCDHA10;PCDHA11;PCDHA12;PCDHA13;PCDHAC1;PCDHA9;PCDHA1;PCDHA2;PCDHA3;PCDH
A4;PCDHA5;PCDHA6;PCDHA7;PCDHA8

chr5:141121778–141208851 221 87,074 PCDHB4;PCDHB5;PCDHB6;PCDHB7;PCDHB8;PCDHB16;PCDHB9;PCDHB10;PCDHB11;PCDHB12

chr5:141321015–141390082 592 69,068 PCDHGA1;PCDHGA2;PCDHGA3;PCDHGB1;PCDHGA4;PCDHGB2;PCDHGA5;PCDHGB3;PCDHGA
6;PCDHGA7;PCDHGB4;PCDHGA8;TAF7

chr5:141392580–141478530 615 85,951 PCDHGA8;PCDHGB5;PCDHGA9;PCDHGB6;PCDHGA10;PCDHGB7;PCDHGA11;PCDHGA12;PCD
HGC3;PCDHGA1;PCDHGA2;PCDHGA3;PCDHGB1;PCDHGA4;PCDHGB2;PCDHGA5;PCDHGB3;
PCDHGA6;PCDHGA7;PCDHGB4

chr6:32073900–32155177 216 81,278 PPT2;PPT2‑EGFL8;TNXB;ATF6B;FKBPL;PRRT1;LOC100507547

chr7:27098296–27174773 386 76,478 HOTAIRM1;HOXA‑AS2;HOXA‑AS3;HOXA10‑AS;HOXA2;HOXA3;HOXA4;HOXA5;HOXA6;HOXA7;H
OXA9;MIR196B;HOXA10;HOXA1;HOXA10‑HOXA9

chr21:8433975–8438909 293 4935 LOC100861532;LOC100008587;LOC100008589

chr21:8440273–8452215 204 11,943 LOC100008589
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across complex regions such as Protocadherin and HOX, 
because different isoforms expressed in different cells/tis-
sues having ASM allows for further fine tuning of these 
systems, potentially providing an evolutionary advantage 
[19].

When we tested for over-representation of AMRs 
with respect to annotated gene and regulatory features, 
we found that AMRs were highly enriched at non-cod-
ing RNA loci.  At the genome-wide level, enrichment of 
ASM at ncRNAs and miRNAs has not been previously 
reported in humans, although it is known that imprinted 
gene domains also transcribe hundreds of miRNA, small 
nucleolar RNA genes (snoRNAs) [20]. Furthermore, 
ASM of specific non-coding genes in imprinted regions 
have been reported. For example, down-regulation of 
MEG3, a microRNA gene, by parent-specific methylation 
has been observed in pancreatic islets of Type 2 diabetes 
mellitus patients, thus providing mechanistic support for 
co-localisation of non-coding RNA and ASM [21].

Chromatin sites were also enriched for AMRs. Nag 
et al. reported a chromatin signature for monoallelically 
expressed genes consisting of chromatin marks associ-
ated with active transcription (H3K36me3) and silencing 
(H3K27me3) simultaneously occurring [22]. Similarly, 
we find ASM regions are enriched in histone modifica-
tions, which have been associated with both gene activ-
ity (e.g. H3K4 trimethylation, H3K9 acetylation. H3K27 
acetylation, and monomethylation of H2BK5 and K4K20) 
and repression (e.g., trimethylation of H3K9, H3K27, and 
H3K79) [23]. However, the coincidence of both active 
H3K27 acetylation and repressive DNA methylation 
marks has been found at some enhancers where these 
bivalent regions are stabilised by, and may require DNA 
methylation, to potentially remain active [24].

Interestingly, there was enrichment of AMRs at sub-
telomeric regions, an observation not previously men-
tioned in other studies of AMR [15]. The subtelomeric 
region is important for the process of homologous 
chromosome recognition and pairing. The functional 
relevance of ASM at these genomic regions is not clear, 
but Law et al. showed that the X-linked gene for ATRX 
syndrome binds to tandem repeats at the subtelom-
eric regions and is involved in allele-specific expression 
of genes in that region [25]. It may be useful to focus 
larger studies on co-association of tandem repeats and 
ASM at sub-telomeric regions. A caveat of our observa-
tion of enrichment at sub-telomeric regions is that these 
chromosomal locations contain CpG dense sequences 
[26]. Therefore, algorithms, such as the one used here 
to identify ASM, which model based on adjacent CpGs 
may introduce a bias towards CpG dense regions; this 
bias would potentially affect all CpG dense regions, not 
just those located near the telomere. With respect to 

a technical bias towards enrichment of sub-telomeric 
regions, this may be mitigated by the capture technology 
which is based on gene-rich loci targeted by the Illumina 
450K DNA methylation array and sub-telomeric regions 
are relatively gene poor [26]. It is also worth noting that 
DNA methylation changes within sub-telomeric regions 
are increasingly associated with human disease [27].

A total of 73 extended AMRs were identified to be 
devoid of common SNVs (MAF > 0.01) indicating non-
genetic inheritance at these loci, or at least cis-acting 
regulation. The ASM calling approach could be consid-
ered a limitation as it is an estimation-based method. 
Other methods that call ASM using genomic variation 
(heterozygous SNVs in the reads) will likely be more 
accurate at directly assigning ASM, one such method was 
very recently published [28]. This, however, ties the call-
ing of ASM inherently to genomic variation, whereas the 
method which we implemented in this study is independ-
ent of genotype, thus able to potentially identify addi-
tional regions of ASM such as that noted on chromosome 
21, which was recently found to be maternally imprinted 
[29]. A logical step to assess the influence of genotype 
on methylation would be to perform mQTL analysis; 
however, the current sample size is too small. Tycko 
et al. discuss the significance of using mQTLs and ASM 
in combination with GWAS studies to identify disease-
associated regulatory sequences [30]. They also describe 
various cis-acting mechanisms that lead to mQTLs and 
ASM, such as allele-specific histone modifications and 
eQTLs, from which we can learn more about the bio-
logical functions of these DNA regulatory variants, tran-
scription factors, and pathways that interact with them.

The use of a genome-wide bisulphite sequencing 
approach (as opposed to WGBS) means that we could 
not represent all AMRs (i.e., if the AMR extends beyond 
the capture region, we are unable to detect this). How-
ever, to account for bias in enrichment approach, we 
provided the GAT software with a design file (padded 
1000 bp either side of each capture region) as the search 
space, meaning that enrichment is restricted to the cap-
tured region (and not the whole genome). Future stud-
ies of WGBS and the use of larger extended pedigrees 
may  provide a more accurate and comprehensive ASM 
map and relationship profile with regulatory regions. A 
study by Zink et al. has used the pedigree structure of the 
Icelandic population to assign parent-of-origin to trans-
mitted alleles and methylation levels across the genome. 
With these data, they were able to provide new insights 
into imprinted regions with high-resolution maps across 
key regions, e.g., the Angelman syndrome/Prader-Willi 
locus on 15q11.2 [31].

In summary, this study has used genome-wide bisul-
phite sequencing to map ASM in a multi-generational 
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pedigree from the NI genetic isolate. We have confirmed 
that ASM regions are widespread and extend far beyond 
known genomic imprinting loci in humans. Importantly, 
our results show that AMRs are highly enriched in non-
coding genomic regions providing evidence for an inte-
gral role in gene regulatory networks. Moving research 
from mouse models to humans is crucial to further 
understand the complex interplay of allele-specific meth-
ylation and gene expression. Studies of pedigrees within 
genetically and environmentally limited isolates are a nat-
ural extension to mouse models. The knowledge gained 
from such experiments will advance our fundamental 
understanding of the complex patterns of epigenetic 
regulation in human populations, aiding in our further 
understanding of the epigenetic basis of complex traits 
and diseases.

Methods
DNA samples
The Norfolk Island Health Study (NIHS) was established 
in 2000, and several collections have since occurred as 
part of an extended health survey [8–10].  DNA sample 
collection and preparation has been previously reported 
[10]. Briefly, EDTA anti-coagulated venous blood sam-
ples were collected from all participants and genomic 
DNA was extracted from blood buffy coats using a 
standard salting out method. All individuals gave written 
informed consent. Ethical approval was granted prior to 
the commencement of the study by the Griffith Univer-
sity Human Research Ethics Committee (approval no: 
1300000485) and subsequently at QUT (approval no: 
1600000464). The project was performed in accordance 
with the relevant guidelines, which complied with the 
Helsinki Declaration for human research. DNA samples 
from 24 individuals from 3 generations of the NI core 
pedigree were used for this study. We chose to select 
individuals from multiple generations within a nuclear 
pedigree to capture both within- and trans-generation 
ASM patterns and thus provide a representative map of 
the NI population at large. The pedigree consisted of 13 
males and 11 females with mean age of 42 years (sd = 8 
years).

Library preparation using SeqCap Epi and sequencing
DNA methylation was assayed by bisulfite sequencing 
using Roche SeqCap Epi CpGiant capture, which is a 
fixed, genome-wide targeted enrichment system, allow-
ing interrogation of > 5.5 million methylation sites at 
single-nucleotide resolution. Briefly, genomic DNA was 
quantified on the Qubit 2.0 fluorometer using the DNA 
High Sense kit and 1 ug of input genomic DNA was 
sheared to ~ 200 bp fragments using a Covaris E220 soni-
cator. DNA libraries were prepared from DNA samples 

(including a bisulfite conversion control) according to 
the manufacturer’s protocol using the KAPA Biosystems 
HTP Library Preparation kit for Illumina platforms, 
which includes end repair, A-tailing, ligation to indexed 
5-methyl-C modified adaptors and size selection. 
Bisulfite conversion of libraries was performed using 
Zymo Research EZ DNA Methylation-Lightning Kits 
and bisulfite-converted libraries were amplified via of 
12 cycles of ligation mediated PCR using the KAPA HiFi 
HotStart Uracil + ReadyMix. Enrichment and capture 
of bisulfite-treated libraries were performed using the 
Roche Nimblegen SeqCap Epi kit, which involves hybrid-
ization to the SeqCap Epi probe pool, bead capture and 
further amplification of the captured bisulfite-converted 
DNA using the KAPA HiFi HotStart ReadyMix. Librar-
ies were validated using an Agilent 2100 Bioanalyzer 
and DNA 1000 chips and reagents, and samples pooled 
to allow multiplex sequencing. Pre-Sequencing QC  was 
performed on each library pool using the Bioanalyzer, 
and via qPCR using the KAPA Library Quant Kit for 
Illumina on the AB ViAA7 qPCR machine. 2 × 100  bp 
Paired-end sequencing of captured bisulfite-converted 
samples was performed on the HiSeq 4000 across three 
lanes. Demultiplexing was then performed to identify the 
separate samples on each lane, using the index reads.

Sequence QC, processing, and methylation calling
Our processing pipeline was created to take advantage of 
multiple threads and parallel computing where possible. 
Unless otherwise stated all computing was performed on 
a DELL PowerEdge T620 (2 × E5-2630 6 core 24 threads, 
256  GB RAM). Initial read quality assessment of fastq 
files was performed using fastqc (http://www.bioin forma 
tics.babra ham.ac.uk/proje cts/fastq c/) and adapter trim-
ming was achieved via trimmomatic [32]. Forward and 
reverse reads for each sample were aligned against an in 
silico converted hg38 human reference genome using 
bowtie2 [33] as implemented in bismark, a software 
suite specifically designed for bisulfite sequence map-
ping [34]. After alignment, all multiplexed bam files for 
each individual were merged and sorted using sambamba 
(http://lomer eiter .githu b.io/samba mba/). Deduplication 
of reads was conducted using the ‘MarkDuplicates’ func-
tion within Picard Tools (https ://broad insti tute.githu b.io/
picar d/), ‘CollectAlignmentMetrics’ was used to com-
pute basic alignment statistics, and ‘CalculateHsMetrics’ 
to calculate all hybrid capture-related metrics, including 
the on-target rate. Bisulfite conversion rates were cal-
culated using the bsrate function of the methpipe pack-
age [35]. To identify and correct for methylation bias 
(increases/decreases in observed methylation rate at the 
ends of reads), the software MethylDackel (https ://githu 
b.com/dprya n79/Methy lDack el) was used along with a 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://lomereiter.github.io/sambamba/
https://broadinstitute.github.io/picard/
https://broadinstitute.github.io/picard/
https://github.com/dpryan79/MethylDackel
https://github.com/dpryan79/MethylDackel
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custom bash script to extract appropriate parameters 
from mbias plots for read correction during extraction. 
MethylDackel was then used to extract all CpG sites and 
read counts formatted for the R analysis package meth-
ylkit [36]. Single-nucleotide variant (SNV) calling from 
the sequence data was performed using BISCUIT (https 
://githu b.com/zwdzw d/biscu it). A list of common SNVs 
(MAF ≥ 0.01) was extracted from dbSNP 150. On-target 
rates were calculated using the SeqCapEpi CpGiant bed 
files provided by Roche-NimbleGen (http://seque ncing 
.roche .com/conte nt/dam/roche seque nce/world wide/
resou rces/13091 2_HG19_CpGia nt_4M_EPI.zip), bed-
tools intersect was used to determine on-target rates for 
each sample.

Bioinformatic analysis
CpG specific QC analysis was performed in R/methyl-
kit; all sites with < 10× coverage were discarded as well 
as any sites with excessive coverage (> 500×) which can 
be indicative of PCR bias. All overlapping CpG sites were 
assigned percentage methylation values and only CpG 
sites present in all 24 samples were retained for analysis. 
Allele-specific methylation (ASM) events were approxi-
mated using the software methpipe [36] and allele-spe-
cific methylated regions (AMR) were calculated using 
a combination of the AMR method in methpipe and a 
custom R script. Genomic region processing was per-
formed in R using the package bedr (https ://CRAN.R-
proje ct.org/packa ge=bedr), genomic feature annotations 
were performed using the package annotatr [37].  Fea-
ture enrichment analysis was performed using Genomic 
Association Tester (GAT) [38]. GAT is a tool for com-
puting the significance of overlap between multiple sets 
of genomic intervals. GAT estimates were significance 
based on simulation and can account for genome organi-
zation like isochores and correct for regions of low mapa-
bility. All enrichment analyses were run through 10,000 
simulations.

Supplementary information
Supplementary information accompanies this paper at https ://doi.
org/10.1186/s1307 2‑019‑0304‑7.

Additional file 1: Figure S1. Coverage plot.

Additional file 2: Figure S2. ‘Manhattan’ plots of ASM across each 
Chromosome.

Additional file 3: File S1. Information for all 12671 AMRs.

Additional file 4: File S2. Information for the 73 extended AMRs without 
SNVs.
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